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ue{ _ 10 1he early 1980’s the Japanese Ministry of
fade and Ipys, ry announced thart it was supporl-
g a wide ranging programme Lo develop the hard-
" and sofiware resources for a “fifth generation’
[," ?f “OMpurers, This triggered a major increase in of.
' "IN anareq of arificial intelligence known as ex-
H"z"f *¥slems as many other nalions announced
. ﬁkr:xlar efforts, The impact Lhat expert Systems are
w Y10 have on society - including all fields of
: the next decade or so have been dJis-
 Fige
X {liffe, la“m & McCorduck, 1983; Duda & Shorr-
ﬂ“ 983; Lenat, 1984; Shannon er al, 198s;
Plication of expert systems (or knowledge-
Syslems as many prefer to call them) 10 ecolo-

ﬂ.‘!ﬂ]ce - over
by many authors (Weizenbaum, 1976;
Feigenp
jm""aﬂ. 1986), Here, I discuss some aspects of
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| ’kliunsu-] the precliction of the consequences of our

Managing our environment.
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ave an impact on
§ somc of those impacts and concludes that
ally wherc ecological expartise is needed cither
of ecological disciplines (e.2. land munagement

Uis likely that the 1echniques will b
disenusse
speci
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What is an expert system?

There is u plethora of marerjal describing expert
svstems in both the serious and popular scientific
press and thus 1 will not dtiempt to review this ma-
terial here, An expert system is a computer program
capable of holding an apparently inelligent con-
versation with the user. It asks questions and the
order of the questions changes with the responses
given, Based on the knowledge held by the system
and the answers 1o the Questions, the system even-
tually states or validates a conclusion or decision
and is able 1o explain how and why it reached this
conclusion. Or more concisely it iy a computer pro-
gram designed 1o behave like professional experts.

An expert system can make use of a set of heuris-
tic rules (Le. ‘rules of thumb’) rather than a purcly
quantitative data base. It can be written in anv of
the common computer languages, despite some
claims tha that ‘real’ cxpert sysiems are writlen jn
LISP, PROLOG or a languaye similarly obscure to
biologists. The program has Iwo main components:
a knowledge base, which iy a series of ofien empiri-
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cal rules or relationships, and an inference engine,
which is code that is able to interact wirh the user
and link the user’s mpul o the knowledge base in
order Lo answer some ol the users’ questions. There
arc advantages when writing expert systems in us-
ing a declarative (also called non-procedural) lan-
guage such as PROLOG rather than an imperative
(or procedural) language such as FORTRAN.
Whereas in an imperative language the user must
specily the steps to be taken in solving a problem
(the algorithm), in a declarative language the user
specifics only a description of the problem to be
solved. The language itself provides the methodal.
ogy lo cxamine its data base and attempts 10 derive
a solution, The main limitation in the development
of declarative languages has been thar they are slow
Lo execute, but this is being overcome by advances
in both computer softwarc and hardware.

The major difference hetween an expert system
and a process modcl, Lypical of the [RP programme
and numerous other programmes, is best shown by
examplc. Figures 1 & 2 show two versions of a sce-
tion of a model of the damage 1o trees by lire in a
forest community. The first describes the impact in
strictly quantitative functions (i.e. a process mod-
el), while the second describes the same features in
a Imixture of quantitalive and qualitative rules
(production rules) more typical of a knowledge
based system ‘

In thc process model knowledge aboul the sys-
tem is encoded as mathemartical formulae. The
derivation of these formulae often require dara thar
are difflcult to obrain, or ¢lse ‘guesstimates’. which
give the equations a false appearance of accuracy.
In expert systems the knowledge is encoded as
rules. There 15 usually some loss of accuracy, al-
though more and more rules can be added to over-
come this. However, the potential loss of accuracy

Fig. 1. A sccion of 4 process madel of rree damage and morral-
iy,

bark-thichness = FUNC1 (spreieys)

hark-damage = FUNC2 (species, time-since-lire)
bark-remaining = bark-rhickness — bark damage
cffective-inlensity = SEASONAIL-FEFFECT (seuson) * intensiy
heating-cffect  ellective-imensity * FUNC3 (bark-remaining)
Kill (species) = IUNC4. (heating-cfleer, species)
basal-sprout (species) = FUNC4.2 (heuting-efTevt, species)
slem-sprout (specics) = FUNC 4.3 (heating effect. species)
no-cffect (species) = 1.0 — kill (species) - basal-sprout (spe-
cies)  slem-sprout (species)

Fig, 2. Some production rules for irsz damage and p,
oty

IF specics i (Bucalypiux delegatensis OR g Jastigjy,
THEN species-lype {5 sensitive b

IF intensivy is no-scorch
THEN no-elfect

IF inlensity is (crown.fire OR [ull-scorch) AND
Species-Type is sensilive
THEN all-killed

¥ intensity is (erown-fire OR full-scorch) AND
specicy-lype is NOT (scnsitive) AND
EITHER {(
scason is dry AND
EITHER (
dhh < hmil
THEN siem-sprout iy uncommon
basal-sprout is common
killed is rarc)
OR
dbh > = limil
THEN stem-sproul is very  common
basul-sprout is uncommon
killed is practically-none )
)
OR (
season is wel AND
EITHER (
dbh = limit
THEN stem-sprout is common
busal-sprout is cummen
killed is practically-none )
OR (
dbh > = limit
THEN stem-sproul is very = common
basal-sprout is rire
killed is praclically-none )
)
1F previous-fire > 4 years-ago AND
EITHER (
species is £ pauciffora THEN lmit is 35-um
OR
species is £ divas ‘THEN limit is 20-cm
OR
speeics is £ datrympleaaa THEN limir is [5-cm
OR
el
}
IF previous-fire < = 4-ycars-ago AND
e,

R

is a problem only when we truly do know the :
tem well enough the make precise pr:dicl]t_m:
In the knowledge based model the biolopiii
tem is described in terms of a series of produst
rules (i.e. 1T situation true THEN this RDPh‘.”' :
facts (c.g. the species Lucalyprus defegatensis



he scusilive species type). Proponenls of expert
.ytems argue that a knowledge based system more
alistically mimics the human expert’s use pf
pnowledge. The example in Fig. 2 is not writlen in
s particular language, but demonstraics one of the
advantages of the declararive languuges such as
PROLOG in that the order of inclusion of rules js
lexiblc — for example, the term ‘limit’ can be used
‘na rule which comes before the other rules which
wpply other essential information about limir.
This makes it easy to updalc and modify such
nndels.

When (0 use an expert system.

Table | shows a summary of the situations suita-
rle for the application of expert systems (Forsyth,
19%4). Do they apply 1o ccological work?

ilingnostic — Many ecological problems require
hat an item be classified or a choice be made be-
“ween options. This is especially true in applied
wology where the question asked is often, ‘which
"1 a series of aclions should be raken?’ For exam-
~it.should | conduct a preseribed burn in spring or
Tuturnn; should I burp today or not?

o established theory - I suspect that this is possi-
“I¥ an erroneous contrast, but nevertheless most
teologists would agrec that much of ecology lacks
: lirmly established theory.

‘Jf’a noisy and incomplete — No comment is need-

“main well bounded — This could be a problem
‘ “0logical applicationg because the domain yn-
7 onsideration when tackling ecological prob-
T‘ 'S Usually very broug, Thus, expert systems
*libe able to provide advice on only small sections
;\‘\il‘l":def_ problems. Howcver, one of the long term
:-r;k :l those working with experL systems is 10
Porcirg her, SY3ms of dilferent domains (eg.
ef af, 1984).

;{Hmarn ex
-ﬂtmploy“
"4 ingn
"m“c”ling

bertise scarce — This i true although
d postgraduares may disagree. However,
agers are making day-by-day decisions
€cological problems without the aceess
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Table 1. A chechhst of when t use knowledge hased systems
(hased on Forsyih. 1984).

Suitahle Unsuitahle

Diagnostic Calculagive

No ermablished theory Well establisked tarnulue

Dara are noisy Facts known precisely

Domain of knowledge well Domain not well bounded
hounded

Human expertise scarce
and in demand

Expeniise readily available

1o ecological expertise which may be of assistance
to them.

-.und in demand — 7This is the real prablem, Con-
sultant ccologists are still rclarively rare profession-
als and several factors are involved, First, many
ceological problems do not require consultancy, but
rather research. Thus the ecologists are called upon
largely to provide dula rather than to providc
recommendartions on decision making, That is,
ecological expertise is too scaree in many situations
for the consultancy role 1o have developed. Second-
ly, many managers consider themselves to be well
dcquainied with the numerous aspects ol solving a
land management problem and, thus, consider con-
sulting a range of ecological specialists to be yn-
necessary. It Is possible that cxpert systcms may be
developed to cover many of the specialist arcas,
thus making them more readily available to deci-
sion makers without the lengthy and cxpensive
Process of [ace 1o face consultation. These expert
systems should be able to warn decision makers
when more direct consultation is advisable,

Applications of knowlcdge based methodology
1 ccology have been limited largely to diagnostic
problems. Starfield & Blcloch (1983) outlined an
EXpert system to advise un prescribed burning. No-
ble (1985) has described an expert system that as-
$1SL5 Users 10 run a model which incorporates the vi-
tal arribute scheme (Noble & Slatyer, 1980) to
predict vegetation change. Davis ef al. (in press)
have developed a knowledge based model which
predicts aspects of fire intensity in tropical wood-
lands in northern Australia. This program forms
part of a larger study o develop knowledge based
Systems to assist in the management of Kakadu Na-
tional Park (Davis e al., 1985; Walker er af, 1985).
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What will expert systems contribute 10 ecology?

[ have already alluded to some of the impact that
[ think thai the development of expert sysiems
technology may have on ecology as a profcssion,
but here I want to ask what might expert systems
contribute to our understanding of ecological prin-
ciples.

Expert systems may or may not contribute to
ecological theary. If expert systems are used only to
bring together & number of ecological rules-of-
thumb and to package them in a way more readily
available 1o a user then ecological understanding
will advance very little. If, however, in our attempt
to formulate the knowledge bases, we are forced 1o
re-think the nature of ecological relationships then
cxpert systems may have some impact, This is the
basis of the debaie abour the role of ‘deep’ versus
surface’ knowledge in expert sysiems.

Deep versus surface knowledge

Most cxpert systems use rules with the form:
IF pantern THEN action
For example,
IF it is spring THEN daon’t burn

This sort of rule represents Lhe surface knowledpe
of expertisc in prescribed burning, The rule carries
no insight into the processes that link the paltern ‘it
is spring’ with the action ‘don’t burn’. 1t may be
derived from simple empirical knowledge (i.c. ex-
perience) gathered over centuries.

The definition of deep knowledge is somewhat
hazy buc it is often described by example such as,
decp knowledge includes the first principles 1o
which a human expert will need 10 resort in order
to solve difficult problems or to provide a eredit-
able explanarion of particular 4dvice, More explicit-
ly, deep knowledge often involves the use of rules
of the lorm;

IF partern-A & action THEN patrern-B will
lollow

For cxample,

IF spring loliuge of species X is present & you
burn THEN plant reserves will be depleted

IF it is spring & you deplcre reserves of X

THEN summer growth will be poor

LF sumner growth of X is poor THE N i
ity increascs L Lo

1i* mortality of X increases & X

§ g is a duﬁ:':ﬂ‘r
specics THEN rthis is an unwan ik

ed rexy|;
IF result is unwanied THEN dony buin

The advantages of having deep knowledy, ..
into the data base ave several. If userg are can-‘r:.
ed by the rule i

IF it is spring THEN don't burn

and Lhey ask why, then the expert sysLem cap -.-
only

Don’t burn in spring
BECAUSE il is spring

whereas with the deep knowledge rules the rep
waould be along the lines of i

Don't burn in spring

BECAUSL it lcads to an unwanted resul;
BECAUSE it leads to increased mortaliry o;
desirable species

BECAUSE there has been poor summr.-
growth

BECAUSE plant reserves were depleied 1
spring

Some users will then demand 1o know why poo
summer growth leads to high mortality or win
burning in spring depletes plant reserves, but ther.
has 1o be a cut off point in any consultative sysier.

There is dispute among the expert systems' o
cles as 10 whether simple surlace knowledye -
sufficient to build useful experi systems. Mosi o
pert systems that have reached the production sty
s0 far have been a collection of surface rules witi
4 few additional rules to guide the inference enguit
of the expert system in efficiently consulting ihes
rules, Chandrasckaran & Mitral (1983) have argue
that, in medical diggnosis systems ar least, it is a¢t
necessary to resort to deep knowledge 10 prodins
effective expert systems. Actarwala & Basden (19!
also discuss this topic in terms of causality an.
model detail based on their experiences in develdj
ing expert systems for corrosion control in indmrf-
al plants and tend to favour the use of deep hnvh~
edge.

The deep knowledge sysiem will often allon



. pore generality in an expert system. For example,

&

fwe want o change a goal from that ol protecting
. epecies 1o eradicating i¢, then in the surface
:n,,w]eclgc system we would have fo chunge many
¢ the rules relating ro that species, wheress in the
wep knowledge system we may need Lo changs
.nly the goal 10 be achieved, cg. [rom achieving
- summer mortality to achicving high morality.
peep knowledge will also provide more opportu-
jies for interaclions in ccological knowledge
wecs (hat combine severul domains of expertise.
!--'or example, the above scl of rules may interact
with 2 set of rules ln a domain dealing with the dy-
-amics of & granivore. These rules may include:

If summer growth of X is poor THEN seed sel
is poor

[Fseedsetof X is poor THEN reproductive suc-
vess of bird species Y is poor, cte.

Thus the two dornains ie. the impact of prescribed
nurming and the success of granivores are linked at
iis deeper level of knowledge,

IF commercial pressurc or simplistic expert sys-
iems engineering leads to ceological expert systems
comaining only surface knowlcdge then there is lit-
s possibility of a gain to ecological theory (as op-
prosed to the practice of applied ecology). If we are
foced to rethink and clearly slate the inter-
relationships between ecological processes in order
w link them in a way that can provide advice (i.c.
prediction) there is more ta be gained,

COther impacts of expert systems

Slarfield & Bleloch (1983), in the first paper on

it application of expert system to ecology. sug-
| 20fed educational and communication advantages

M building expert systems. These points are similar
 the advanrages listed for process modelling in
¢ lead up 1o the IBP programme. Similarly, the
<laim thar jf expert systems Ltheory forces ecologists

; 4 "e-think ecological relationships then this will be

_Of “ome benefi, is close 1o some of the early claims
jb‘"!“ Process modelling ~ ie, even if the models
Mt work we will still learn by building them.
ml[ IS Sometimes argued that EXPETT SYSIEmSs musl
4 built by a new and special class of sclentists
;;ml‘,““ 45 knowledge enpineers (Weiss &
Vitkowski, 1984; Davis er al. in press). Thus we
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huve the equivalenrt to the 'synthesizers' of the IBP
programme. At presenl the numbcer of ccologists
with skills appropriatc to developing application
packages based on expert systems arc [cw and the
lools crude, However, 1 doubr if this will remain the
case as improved shells (software packages for de-
veloping expart systems) become availablc — a view
supported by some of the expert systems workers
themselves (e.g. Basden, 1983),

An aspect of expert systems technology thar will
have an impacrt on all professions thar deal with
large amounts of information, is their application
to data base design. Commercial pressurcs are like-
Iy to lead 1o the development of relalional data
bases which use expert systems techniques 1o de-
duce additional connections between clements of
the data base and 1o intcract via a nalural lunguage
interface. Like stauistics, scuba tanks and word
processors, these data bases will have an impact in
the ecologisl’s ability to retricve — and, hopefully,
usc — ecological informaiion. Percira er af. (1984)
have begun a projeet in Fortugal 10 develop a data
base for environmental biophysical resouree evalua-
tion. In this they aim Lo hring the expertisc of sever-
al disciplincs, such as geology, hydrology, botany,
z00logy and microclimatology together in one cx-
pert system and to make thiy available to decision
makers.

Another aspeet of expert systems theory deals
with systems that assist in the laborious tasks of in-
terrogating experls and systemalically organizing
their knowledge. There are two broadly different
approaches here. Onc is to aid the user in setting up
the knowledge base. This involves assessing new
rules againt those already in the knowledge basc
and warning of inconsistencies and incompleteness
{c.g. omitting to tell the system Facts thart are so ob-
vigus to the expert that they zre easily overlooked,
such as that trees are usuully much taller than
grasses). TEIRESIAS is an cxample of such soft-
ware (Davis & Lenar, 1982). The other approach is
Lo provide the system with many case histories and
algorithms for deducing, and even inducing, addi-
tional rules (eg. Quinlan, 1983 for end games in
chess). Mot success in this area appears 1o be in di-
4gnostic situalions, e.g. an expert sysrem Lo diag.
nose discases of soy-bean (Michalski & Chilausky,
1980; Sammur, 1985). This learning approach is
likely Lo have only limited application in ccology
since we rarely have the large number of consistent
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case histories to work with. However, relatively in-
expensive software packages that implement some
aspcets of computer induction (e.g. ‘EXPERT
EASE', & 'RULEMASTER; Waterman, [986) are
available for microcomputers and (his may en-
courage ecologists (0 experiment with them (see
Mcl.aren, 1985 for an application of EXPERT-
EASE).

Expert systems can also be used in training peo-
ple. There have been some promising packages de-
veloped in this area but the subject falls outside Lhis
paper. However, the benefits to the ecological com-
munily of an expert sysiem that guides thc user
through rhe complexities of experimental design, or
ol multivariate data analysis, should nol be un-
derestimated.

Discussion

Expert systems will have a major impact on ap-
plied ccology. Probably the most spectacular, and
immediately challenging, problems will be in Lhose
aspeels of environmental impact analysis dealing
with disaster management. In these circumsrances
— eg. wildfires ar noxious spills — ecological in-
formarion is needed guickly, it must be based on
knowlcdge already held (ic. there is no time for rc-
search), human experts may be unavajlable and
several domains of expertise may be involved. A
high proportion ol the first efforts to apply expert
systems 10 ecology deal with aspeets of [fire
management (Starfield & Bleloch, 1983; Davis er
al. ln press; Noble, 1985),

As applications Increase, practilioners in the ex-
pert systems [ield will attempt to link the knowl-
edge bases [rom disparate arcas of ecology thus
leading their more theoretically oricnted colleagues
to consider more carefully the unifying concepts of
ecology. This claim was made for process model-
ling in its carly days, but process modelling is a
relatively restrictive tool. The necessity to quantify
ecological knowledge was an insurmountabls hur-
dle in many cases - or at least a usclul and often
valid excuse for nol trying ro achieve those unilying
conceprts, Expert systems don't carry the quantifi-
calion restriction, They ask only that we can cx-
press our ideas in concise, logical rules,
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